Abstract In some rainfall-triggered landslides, intensity-duration thresholds can have limited prediction ability; therefore, investigation of alternative approaches that can be used for temporal prediction of rainfall-induced landslides is needed. This paper presents a methodology for predicting rainfall-induced shallow landslides based on a lumped conceptual hydrological model. The production storage level during the rainfall event and the rainfall sum during the event are used for landslide prediction. Based on these two hydro-meteorological variables a threshold is defined that could be used for rainfall-induced landslides prediction as part of an early warning system. The presented methodology is tested using the meso-scale Selška Sora River catchment case study in western Slovenia where 20 active landslides from the Slovenian National Landslide Database are used to calibrate and evaluate the methodology performance. The results are compared to three different (i.e. local, regional, and global) intensityduration thresholds. The results of the presented approach are superior in terms of several goodness-of-fit criteria compared to tested local and global ID thresholds. Because only daily rainfall, evapotranspiration, and discharge data are needed to calibrate the selected hydrological model and only daily rainfall and evapotranspiration to run the model, the presented approach could also be useful for data-scarce areas where detailed physically based landslide prediction models that require many data cannot be constructed. Moreover, we have also derived the probabilistic version of the proposed threshold for triggering of shallow landslides using copula functions.
Introduction
Rainfall-induced landslides and debris flows are one of the most frequent geo-hazards that can cause large economic damage and can even be responsible for human casualties (e.g. Haque et al. 2016; Mikoš et al. 2004; Petley 2012) . Therefore, reliable early warning systems (EWS) are needed in order to issue warnings on time and consequently reduce the number of casualties and economic damage. Often, empirical rainfall thresholds (also known as intensity-duration (ID) curves or thresholds) are used as part of early warning systems for shallow landslides and debris flows (e.g. Huang et al. 2015; Liu et al. 2016; Mathew et al. 2014; Segoni et al. 2014) . However, as recently pointed out by Bogaard and Greco (2018) , ID thresholds have some limitations that should be taken into consideration and the use of these thresholds as part of the EWS should be taken with more caution. Some definitions of rainfall thresholds consider also antecedent rainfall (e.g. Aleotti 2004 ). However, this approach only considers rainfall in a selected time-period (e.g. 5 or 10 days) before the event without consideration of the complex hydrological processes (at least, e.g. evapotranspiration) in the catchment area. Moreover, the majority of ID thresholds developed so far do not apply antecedent conditions as well as hillslope (hydrological) processes despite the fact that these are important for landslide initiation . Moreover, Bogaard and Greco (2018) also argued that ID thresholds for short and long rainfall durations have limited physical meaning. The alternative for the prediction of landslide initiation is the use of spatially distributed physically based models that require large data input (e.g. Aristizabal et al. 2016; Bogaard and Greco 2018; Peres et al. 2018) . Data collection and model calibration is often very complex, which consequently means that physically based models are not often incorporated in the operational EWS, especially at larger spatial scales. Thus, Bogaard and Greco (2018) concluded that more focus should be given on the development of conceptual models for regional landslide hazard assessment that would also take into consideration hydrological processes that occur during the rainfall events that trigger landslides. Some examples where more focus is on hydrological processes at larger spatial scales and the conceptual framework of the triggering mechanisms can be found in the literature. For example,, the Norwegian forecasting and warning service for rainfall-and snowmelt-induced landslides uses Hydrologiska Byråns Vattenbalansavdelning (HBV) (distributed 1 km 2 grid version of the conceptual HBV model is used) and S-flows models to calculate water and heat dynamics (Krøgli et al. 2018 ). Based on the models' results relative water supply and degree of soil water saturation are used in combination with pre-defined thresholds for landslide forecasting (Krøgli et al. 2018) . However, definition of the thresholds lacks in objectivity (Krøgli et al. 2018) . Moreover, Segoni et al. (2018) recently used average soil moisture to enhance the performance of the regional-scale landslide EWS where soil moisture estimates were calculated using the topographic kinematic approximation and integration (TOPKAPI) model (Ciarapica and Todini 2002) . The incorporation of soil moisture in the EWS reduced the number of false and missed alarms (Segoni et al. 2018 ). However, a soil map and a land-use map are among other input data needed to derive the TOPKAPI parameters (Ciarapica and Todini 2002) .
According to the reviewed literature and due to the need to replace empirical ID thresholds with a more hydrologically based approach (as suggested by Bogaard and Greco 2018) , we propose an approach to rainfall-induced shallow landslides prediction using information obtained from a lumped conceptual hydrological model (Perrin et al. 2003; Pushpalatha et al. 2011; Valery et al. 2014a, b) . Additionally, the daily time step was used to reduce the amount of required input data. Thus, the main aim of this study was to evaluate the performance of the proposed approach that applies daily rainfall data and modelled daily production store (i.e. reservoir) level for predicting rainfall-induced shallow landslides. The methodology is tested using the Slovenian National Landslide Database and the active landslide data provided for the MASPREM
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project (e.g. Jemec Komac and Hribernik 2015; Rosi et al. 2016 ) on a meso-scale catchment located in the western mountainous part of Slovenia. The proposed methodology performance is compared to the ID thresholds that were developed for specific river basins in Slovenia (Rosi et al. 2016 ) and the global ID threshold suggested by Guzzetti et al. (2008) .
Data and methods

Hydrological modelling
In this study, we tested two versions of a lumped conceptual hydrological model that has been developed by the Institut national de recherche en sciences et technologies pour l'environnement et l'agriculture (IRSTEA) hydrology group (e.g. Perrin et al. 2003; Pushpalatha et al. 2011; Valery et al. 2014a, b) . We compared another simple model version named Génie Rural à 4 paramètres Journalier (GR4J) and another complex version named Cema Neig e Génie Rural à 6 paramè tre s Journalie r (CemaNeigeGR6J). Both hydrological model versions are implemented in R software airGR package (Coron et al. 2017a; Coron et al. 2017b ). The GR4J model was proposed by Perrin et al. (2003) with an aim to obtain model robustness with a small number of model parameters (i.e. the model uses 4 parameters). Figure 1 shows schematic representation of the GR4J model structure where not all model steps are shown but only those relevant for this specific case study (i.e. routing steps are not shown). The GR4J model was developed based on the three-parameter Génie Rural à 3 paramètres Journalier (GR3J) version (Edijatno et al. 1999 ) and improved low-flow simulations (Perrin et al. 2003) . The only required input data needed to model the discharge (Q) are precipitation (P) and potential evapotranspiration (Perrin et al. 2003) . In this study, we used reference evapotranspiration data (PE) since reference evapotranspiration data calculated using the PenmanMonteith method and potential evapotranspiration calculated using the Oudin et al. (2005) method yielded similar behaviour. Based on these two input variables (i.e. P and PE), the model calculates net rainfall (Pn on Fig. 1 ). If net rainfall is not zero, a part of net rainfall is used to fill the production store (Ps on Fig. 1 ) (i.e. a conceptual underground reservoir) (Perrin et al. 2003) . The production store is emptied either by the actual evaporation rate (Es on Fig. 1 ) in case that a net evapotranspiration capacity (En on Fig. 1) is not zero or by percolation (Perc on Fig. 1 ) from the reservoir (Perrin et al. 2003) . Percolation and the difference between net rainfall and rainfall that is used to fill the production store (Pn-Ps on Fig. 1 ) is then used for further discharge calculations using several routing steps that are not the primary focus of this study where the routing reservoir is also used (Perrin et al. 2003) . Additional description of routing can be found in Perrin et al. (2003) . It should also be noted that Perc is always smaller than S and that S cannot be larger than X 1 (Perrin et al. 2003) . Moreover, all the input data (PE, P, and also Q) influence the production storage level S on a given day, which means that the model structure shown in Fig. 1 takes into account several hydrological processes that occur in the catchment, while production storage can be regarded as catchment storage. As mentioned, the GR4J model uses 4 parameters, of which from this study's perspective the most important is the maximum production store capacity (X 1 on Fig. 1) , the other three parameters (X 2 , X 3 , X 4 ) are used for routing calculations (Perrin et al. 2003) . A detailed description of the GR4J model is available in Perrin et al. (2003) . Additionally, we also tested the CemaNeigeGR6J model that also includes the snow accounting routine (Valery et al. 2014a, b) . This snow routine adds two more parameters to the GR6J model version (i.e. in total eight parameters are used by the CemaNeigeGR6J model since the GR6J model adds two more parameters to the GR4J model version and thus GR6J uses 6 parameters). Valéry et al. (2014a) provide detailed description of the snow routine used in the CemaNeigeGR6J model and Pushpalatha et al. (2011) provide a description of the Génie Rural à 6 paramètres Journalier (CR6J) model. The CemaNeigeGR6J model version additionally requires mean air temperature (T) data and the hypsometric curve of the catchment in order to be able to calculate Q (Coron et al. 2017a; Coron et al. 2017b; Valéry et al. 2014a ). It should be noted that also the CemaNeigeGR6J model version uses the production store reservoir as the GR4J model version, which is shown in Fig. 1 . Table 1 shows an overview of input data needed to run GR4J and CemaNeigeGR6J models.
Calibration of both model versions was performed using the methodology proposed by Michel (1991) , which is implemented is R software airGR package (Coron et al. 2017a; Coron et al. 2017b) . We selected the Nash-Sutcliffe (NS) coefficient (Nash and Sutcliffe 1970) as the efficiency criterion. Perrin et al. (2003) provide initial parameter values and their ranges needed for the model calibration. The NS criterion was also used for comparing the models' ability to predict Q.
Data
The methodology was tested on the meso-scale Selška Sora River catchment located in the mountainous western part of Slovenia (Fig. 2) . The Selška Sora River is part of the Sava River catchment that drains into the Danube River. In general, the area belongs to the pre-alpine region, and it extends from 334 to 1676 m a.s.l. The study area is characterised by a diverse morphology and heterogenous geological settings, which make the area prone to landslides. Geologically, the study area is constituted mainly of Mesozoic carbonate rocks (limestone and dolomite), Mesozoic clastites (shale, siltstone, marlstone, greywacke, sandstone, conglomerate, breccias, tuff), and Permian and Carboniferous clastites (claystone, sandstone, shale). The valleys are mainly filled by alluvial deposits, and the feet of the slopes are regularly covered by scree, both of Quaternary age (Grad and Ferjančič 1974) . The soil depth varies from 1 to 3 m and, in some locations, more than 10 m. Landslides in the study area usually occur at the end of summer and in autumn, from September to November, due to particular weather conditions with heavy rain (Jemec and Komac 2013). The entire Selška Sora River catchment up to the confluence with the Poljanska Sora (P. Sora) River catchment was selected (Fig. 2) . The basic characteristics of the selected area are shown in Table 2 . This pre-alpine area with mountainous climate was selected since it is one of the areas with the highest landslide density in Slovenia (Zorn and Komac 2008) . Table 3 shows the basic characteristics of the data used in this study. The selected study period was from 2005 to 2014 and the daily time step was used. The data period from 2005 until 2006 was used as the warm-up period of the hydrological model.
Daily Q, P, T and PE data from different stations located in the Selška Sora River catchment or close to it were used in this study, since there is no station that would have all the required data available. Therefore, we used the discharge data from the Železniki gauging station. The location of this station is also indicated in Fig. 2 and has a catchment area of 104 km 2 . Precipitation data were used from the Davča rainfall station (station elevation is 987 m a.s.l.). Since there is no station available with air temperature and evapotranspiration data in the Selška Sora River catchment, we used the data from the closest stations with data available (e.g. Maček et al. 2018 provided a description of stations with reference evapotranspiration data). Air temperature data were obtained from the Bohinjska Češnjica meteorological station located less than 8 km from the Selška Sora River catchment boundary at 596 m a.s.l. and is not shown in Fig. 2 . Moreover, evapotranspiration data were gathered from the Ljubljana meteorological station that is located less than 20 km from the Selška Sora River catchment boundary at 299 m a.s.l., and is also not shown in Fig. 2 .
In order to test the performance of the ID thresholds, we also used high-frequency 5-min rainfall data measured at the location of the Davča rainfall station (shown in Fig. 2 ). It should be noted that pluviographic stations that are used to measure 5-min rainfall data are not capable of measuring snow precipitation. Thus, snow events (i.e. three landslide events were included in the Slovenian national database) were excluded from the analysis in this study.
The landslides considered in this study were compiled from different sources Komac and Hribernik 2015; Rosi et al. 2016) . It should be noted that the database Table 1 Overview of input data used in two different model versions (i.e. X indicates that these data are needed to run the model)
Hypsometric curve X Fig. 2 The Selška Sora River catchment with the elevation map [m a.s.l.] and with indicated locations of landslides included in the Slovenian National Landslide Database, the rainfall gauging station and the discharge gauging station entries are not verified for this study. This could consequently mean that either the landslide location is not correctly defined or the triggering date is not valid. However, the assumption made in this study was that the landslide database entries were correct. Only shallow landslide events from the joint database were considered in this study, but not also large deep-seated landslides, debris flows, or rockfalls, which means that events can be classified as shallow landslides ).
In the presented study, we focus on landslides that occurred in the Selška Sora River catchment up to the confluence with the P. Sora River catchment (Fig. 2) . After brief pre-processing (e.g. merging duplicate events, removing events where 5-min rainfall data were not available) of the landslides' data we defined altogether 20 events that were used for comparing ID threshold performance with the methodology proposed in this study.
Prediction of rainfall-induced shallow landslides
The next steps were carried out to test the performance of the proposed approach for rainfall-induced landslide prediction: -The hydrological model was calibrated using daily data from 2007 to 2014 (2005-2006 data were used for model warm-up). -Rainfall events were determined based on the daily data. Two rainfall events were separated in case of no rain period (NRP) equal to 1 day. -Based on the start and end of the rainfall event the rainfall sum during the event (Psum) and the sum of the production store level (i.e. reservoir level S as shown in Fig. 1 ) during the event (Rsum) were calculated. -Psum and Rsum were plotted on a scatter diagram and a Psum-Rsum threshold was defined with the aim to maximise the critical success index (CSI) since this criterion penalises both false positive and false negative prediction results (Formetta et al. 2016) . We decided to use the linear function between two selected variables due to the simplicity of the selected threshold. The following equation was used: Psum = a*Rsum + b, where a and b (i.e. slope and intercept of the linear equation) were determined in the process of maximizing the CSI. -CSI, success index (SI), distance to perfect classification (D2PC), accuracy (ACC), positive prediction power (PPP), and negative prediction power (NPP) (detailed description is provided by Formetta et al. 2016 and Martelloni et al. 2012) were used for comparison of the proposed approach with the ID thresholds. Moreover, Table 4 shows equations for the selected performance indices, their range, and the optimal index value. Furthermore, tp, tn, fp, and fn indicate true positive (i.e. the landslide occurred and was predicted), true negative (i.e. the landslide did not occur and was not predicted), false positive (i.e. landslide did not occur and was predicted), and false negative (i.e. the landslide occurred and was not predicted) cases, respectively.
For the ID threshold evaluation, we used the high-frequency rainfall data from the Davča gauging station. Rainfall events were separated in case of NRP equal to 22 h. This value was selected since it was also used by Rosi et al. (2016) in order to not impact the ID threshold performance. However, we argue that the use of the 24 h NRP would not significantly affect the results. Rainfall Intensity Summarization Tool (RIST) was used for 5-min data preprocessing (USDA, 2014). The next ID thresholds that were proposed by Rosi et al. (2016) for the Sava River catchment and the entire Slovenia were used: I = 53.2 × D −0.84 (Sava River) and I = 37.7 × D −0.68 (Slovenia), respectively. Additionally, we also tested the performance of the global ID threshold that was suggested by Guzzetti et al. (2008) and was also used by Bezak et al. (2016) 
Probabilistic Psum-Rsum threshold definition Using the approach described in BPrediction of rainfallinduced shallow landslides^one can determine one specific Psum-Rsum threshold that can be used for predicting rainfallinduced landslides. However, if the probabilistic approach is used as part of the EWS, as this is often the case in the rainfall-induced EWS (e.g. Wei et al. 2018) , and in the case of flood EWS (e.g. Petan et al. 2015) , we propose a copula function-based (e.g. Salvadori et al. 2007 ) approach: Repeat the procedure for the Psum-Rsum events that are classified as landslides according to the landslides database (S LAND ). Thus, two copula models are constructed using all events rather than only those that are classified as landslides.
-Using the fitted copula model generate a new S ALL sample.
Using the inverse marginal distribution function transform the generated values from the copula space [0, 1] to the real space. Repeat the procedure for the S LAND . -For each generated S LAND , connect this value (i.e. event) to the closest generated S ALL value using, for example, the nearest neighbour approach (e.g. Elseberg et al. 2012 ). -Determine the Psum-Rsum threshold intercept (i.e. intercept of the linear equation since the linear equation is used for threshold definition in this study) parameter with the aim to maximise the CSI criterion. In this case study, the slope of the linear equation was determined using the procedure described in BPrediction of rainfall-induced shallow landslides^where the linear equation was used. For the definition of the probabilistic threshold we did not change the slope parameter that was determined in BPrediction of rainfall-induced shallow landslides^. -Repeat the procedure 10,000 times in order to obtain a large sample of Psum-Rsum threshold intercept values. Using the sorted sample one can estimate, for example, 10%, 50%, and 90% confidence thresholds. Since the slope of the linear equation is constant during the iterations, this will yield parallel thresholds.
In this study, we tested three copula functions from the Archimedean family, namely the Frank, Clayton, and Gumbel-Hougaard copula functions. Salvadori et al. (2007) , for example, provide detailed description of these copulas and the equations. All the calculations using copula functions carried out in this study were done using the R copula package (e.g. Kojadinovic and Yan 2010) . The parameters of copulas were estimated using the maximum pseudo-likelihood approach that is also implemented in the aforementioned package (Kojadinovic and Yan 2010) . All three tested bivariate copula functions have one parameter (e.g. Salvadori et al. 2007) . As mentioned two different copulas were fitted to the data. The first copula was fitted to all events (i.e. 463 events for the period from 2006 until 2014) and the second copula function was fitted to landslide events only (i.e. 20 events). The Cramér-von Mises test (Sn) was applied to test the adequacy of different copula models (Genest et al. 2009 ). The selected test compares empirical copula with the parametric estimate of the copula defined under the null hypothesis (Kojadinovic and Yan 2010) . If more than one of the tested copula functions is not rejected by the selected goodness-of-fit test with the selected significance level, the k-fold cross-validation method can be used as a selection criterion (Grønneberg and Hort 2014) . Moreover, the non-parametric distribution function defined by Hutson (2002) and Serinaldi (2009) was used in this study.
Results and discussion
Psum and Rsum threshold definition In the first part of the study, we calibrated GR4J and CemaNeigeGR6J models using the methodology and data described in BData and methods^. Figure 3 shows the comparison between simulated and modelled discharge values for the selected period using the GR4J model structure. It also shows seasonal comparison and non-exceedance probability comparison of the measured and modelled data. The calculated Nash-Sutcliffe coefficient for the period from 2007 until 2014 using the GR4J model was 0.74 (i.e. NS ranges from −∞ to 1 where NS value 1 indicates a perfect fit between the modelled and observed values). Interestingly, the more complex CemaNeigeGR6J model structure yielded a relatively similar performance as the GR4J model. The NS coefficient for the eight-parameter model was 0.77, which indicates only a slight improvement of this model version over the fourparameter model version. However, there was a relatively large difference in the calibrated model parameter that defines the maximum production storage level (i.e. X 1 on Fig. 1 ) despite the fact that both model versions use the same production store structure (Pushpalatha et al. 2011) . For the GR4J and CemaNeigeGR6J models the estimated parameter value was 791 mm and 377 mm, respectively. However, these values are in the range of the 80% confidence intervals and the X 1 for the CemaNeigeGR6J model is similar to the median value provided by Perrin et al. (2003) . We firstly tried to use the production store level S and rainfall amount P at the triggering date of the landslide events for the threshold definition. However, the results showed that the rainfall amounts for the triggering dates were relatively small, indicating that there could be some issues with the database triggering dates (e.g. landslides in remote areas could be spotted a few days after the actual triggering day). Moreover, if we considered the rainfall amount and production store level one day before the triggering date, the results for some cases improved but not for all. This confirmed potential database issues. Since most events were triggered during the autumn period where for the selected case study (i.e. located in the temperate continental climate), we often have long duration rainfall events and because also maximum 1-h rainfall intensities during the events were relatively small we assumed that long duration rainfall events are the main triggering mechanism of the landslides considered. Therefore, we decided to use the rainfall sum during the entire rainfall event. Consequently, we also used the production store sum during the event (i.e. Rsum) since such variable definition improved the threshold performance. It should be noted that Rsum is not only related to Psum (i.e. Pearson correlation coefficient 0.75) but also to discharge during the event (i.e. Pearson correlation coefficient 0.59), and evapotranspiration during the event (i.e. Pearson correlation coefficient 0.46). The positive correlation between pairs of these variables can mainly be attributed to the fact that longer duration events also yield higher absolute values. This indicates that the selected variable (i.e. Rsum) takes into account the hydrological processes occurring in the catchment rather than rainfall characteristics only (e.g. duration and amount). Moreover, this variable can be regarded as an overall indicator of the wetness increase in the catchment during the entire rainfall event.
We also checked the maximum 1-h rainfall intensity during the selected 20 landslide events. We found that for these events the intensities ranged from 2.2 mm/h to 84 mm/h. However, the median value was only 8.9 mm/h, which is significantly lower than the 2-year return period rainfall intensity characterised by the 1-h rainfall duration derived from the IDF curve (i.e. for the Davča Table 5 Several performance criteria that were derived using the defined PsumRsum threshold for the GR4J and CemaNeigeGR6J models. Performance criteria ranges and optimal values are given in Table 4 Goodness-of-fit criterion GR4J model Fig. 6 Presentation of the landslide events that occurred in the adjacent P. Sora River catchment (indicated with green crosses) using the GR4J model station this value is 27 mm/h). Moreover, only for one event out of 20 the maximum 1-h rainfall intensity exceeds the 2-year return period value. Thus, we decided not to incorporate 1-h rainfall intensities in the proposed methodology.
In the next step, we defined rainfall events with the application of the selected NRP (i.e. 1 day). In the 8-year period (i.e. 2007-2014) , 463 events were determined, which means approximately 58 rainfall events per year. Based on the start and end of each rainfall event we calculated the rainfall sum during the event (Psum) and the production store level sum during the event (Rsum). Figure 4 shows the calculated Psum and Rsum values in mm for both tested hydrological model structures. Based on the maximised CSI criterion, we also defined two Psum-Rsum thresholds, which are shown in Fig. 4 . For the GR4J and CemaNeigeGR6J models the threshold equations are Psum = −0.041*Rsum + 269 mm and Psum = −0.052*Rsum + 241 mm, respectively. We also tested the threshold definition by maximizing the SI and D2PC criteria. However, the defined thresholds had much lower intercept values, which consequently leads to a large number of false alarms. Figure 5 shows also the cumulative daily Psum and Rsum values in mm that are characteristic of landslide event. Thus, it seems that the selected threshold is perpendicular to the trajectories determined by the cumulative Rsum and Psum values. Since an increase in Psum most likely also increases Rsum, and Rsum cannot increase without the precipitation input this could indicate that probability of events that have high Rsum and low Psum (e.g. Rsum > 6000 mm and Psum < 50 mm for the GR4J model version) is not high. Moreover, the threshold position (i.e. negative slope value) on the PsumRsum plot indicates that a rainfall-induced landslide can be triggered either by a large rainfall input in case that Rsum is low or by a smaller rainfall input in case that Rsum is larger.
Using the 20 landslide events that were used for the threshold definition, which are also shown in Fig. 4 , we calculated several performance criteria (Table 5) . Similarly, as for the performance of the hydrological model in terms of its ability to predict Q values, the performance of the proposed methodology for the prediction of rainfall-induced landslides is quite similar to that of the GR4J and CemaNeigeGR6J models (Table 5 ). We can argue that for the Selška Sora River catchment the consideration of the snow routine and additional hydrologic model parameters do not significantly improve the performance results (Table 5) .
We additionally investigated the events that were defined as false positives (11 and 9 events for the GR4J and CemaNeigeGR6J models, respectively) using the proposed approach (i.e. points located above the defined threshold that did not result in a landslide event). Seven of eleven points for the GR4J model could be associated with a landslide database entry that is related with the adjacent P. Sora River catchment (Fig. 6) . This means that the landslide occurred in the adjacent catchment (Fig. 6) . However, at the same time, additional entries are associated with this area (P. Sora River catchment) (Fig. 6) , which would consequently lead to an increase in the false negatives (five and six events are classified as false negatives in Fig. 4 for the GR4J and CemaNeigeGR6J models, respectively). Thus, we argue that the statistics shown in Table 5 would not significantly change. If one would also want to consider the P. Sora catchment, a more complex or a separate hydrological model for this catchment should be constructed (i.e. consideration of additional rainfall and discharge data). This shows that the new proposed methodology should be developed and applied to a regional scale of at least several 100 km 2 rather than to a local scale of a few km 2 and with only few registered active landslides. At the local scale, even a single false positive event out of only a few registered landslides would lower the goodness-of-fit of the proposed threshold. More case studies of the proposed methodology are needed to test it and to clarify this issue-the methodology applying the lumped hydrologic models does not need distributed hydrological data but nevertheless needs registered landslide data to test it.
Comparison with ID thresholds
In the next step of the study, we also compared the performance of the proposed methodology that uses Psum and Rsum values in Table 6 Several performances that were derived using two local (Sava River and Slovenia; Rosi et al. 2016 ) thresholds and one global (Guzzetti et al. 2008) threshold. Performance criteria ranges and optimal values are given in Table 4 Goodness-of-fit criterion order to predict rainfall-induced landslides with ID thresholds. Figure 7 shows results for two local ID thresholds (Slovenia and the Sava River defined by Rosi et al. 2016) and one global (Guzzetti et al. 2008 ) ID threshold. For these thresholds, the same goodness-of-fit criteria were calculated as for the approach based on the conceptual hydrological model (Table 6 ). One can notice that the proposed approach (using Psum-Rsum threshold) generally yields better results compared to the tested ID thresholds. A similar discussion about false positive and false negative events as that provided in BPsum and Rsum threshold definition^is also valid for this part of the analysis.
Psum and Rsum probabilistic threshold definition
In the final step of the study, we also computed the probabilistic thresholds using the approach described in BProbabilistic Psum-Rsum threshold definition^. We tested the performance of the one-parameter bivariate Frank, Clayton, and GumbelHougaard copula functions (e.g. Salvadori et al. 2007 ). The Cramér-von Mises test (Sn) test (Genest et al. 2009) Figure 8 shows probabilistic thresholds for 10%, 50% and 90% levels that were determined using the methodology described in BProbabilistic Psum-Rsum threshold definition^. One can notice that the 50% threshold (i.e. median) is located slightly below the threshold that was defined in BPsum and Rsum threshold definition^. The 10% threshold would slightly increase (compared to the threshold defined in BPsum and Rsum threshold definition^) true positive events and, on the other hand, significantly increase false positive (i.e. false alarm) events. The 90% threshold would decrease both true and false positive events compared with BPsum and Rsum threshold definition^threshold. This can also be confirmed by the results shown in Table 7 where we also calculated the performance of the 10%, 50% and 90% thresholds. One can notice that D2PC, PPP and ACC criteria results are increasing with increasing probability. For example, this means that the higher the threshold, the higher the PPP of the threshold. On the other hand, SI and NPP results are decreasing with increasing probability, which for example means that low thresholds (i.e. smaller intercept values) have better NPP while at the same time PPP is relatively low. Moreover, the CSI that was also used to determine the deterministic threshold has the optimal value somewhere between the 10% and 50% threshold (Table 7) . Thus, as pointed out also by Formetta et al. (2016) , this criterion penalises both false negative and false positive predictions, which could, from the perspective of this study, yield a more robust threshold because in any EWS too many false alarms are not desired. Table 7 Several performance criteria that were derived for the probabilistic thresholds that were defined using the copula approach. The performance criteria range and optimal value are given in Table 4 Goodness-of-fit criterion Fig. 8 Probabilistic 10%, 50% and 90% Psum-Rsum thresholds that were determined using the approach described in BProbabilistic Psum-Rsum threshold definition^. The threshold that was determined in BPsum and Rsum threshold definition^is also shown. GR4J model results are shown Conclusions This paper presents a methodology for predicting rainfallinduced shallow landslides, which is based on the lumped conceptual hydrological model results. The main aim was to propose an approach for the shallow landslide prediction that would not use the ID thresholds, which were recently criticised by Bogaard and Greco (2018) . Therefore, we decided to use the Rsum variable that depends on the input and output data (i.e. P, PE and Q) that is used in the hydrological model and takes into account the wetness increase during the entire event. Moreover, the aim of this study was also to propose the methodology that could easily be applied to data-scarce areas where detailed data, which are needed to calibrate and apply physically based models for landslide prediction, are not available. The presented methodology is tested using the pre-alpine meso-scale Selška Sora River catchment case study in western Slovenia. Based on the presented results, the following conclusions can be made:
-We argue that the production store level, and consequently Rsum, is a relatively good proxy of the hydrological conditions in the catchment that have an important impact on landslide triggering and can be regarded as a useful variable for predicting rainfall-induced shallow landslides. The volume of water in the production store reservoir (used to calculate Rsum) is connected with rainfall, evapotranspiration, and runoff. Due to the hydrological model structure, this kind of information (i.e. proposed Psum-Rsum threshold) could also be incorporated to early warning systems (EWS). Moreover, probabilistic thresholds could be useful for this purpose. Using rainfall and evapotranspiration forecasts and a calibrated hydrological model one can calculate production store and discharge values for the forecasted period. -For the selected Selška Sora case study where most of the analysed landslides were triggered by the long-duration rainfall events, the Psum-Rsum combination yielded meaningful results. However, in case that landslides are triggered by rainfall events with different characteristics (e.g. intense and short rainfall events), probably some other definition of the variables should be used and an hourly model type should be used instead of the daily model since an hourly model with a similar structure also exists (e.g. Coron et al. 2017a; Coron et al. 2017b ). -The GR4J model structure yielded similar performance in terms of discharge prediction (NS coefficient) and also shallow landslide prediction (Table 5 ) as the CemaNeigeGR6J model structure that also includes a snow routine and uses four additional parameters. Thus, for areas (i.e. catchments) similar to the Selška Sora River catchment and for lowland areas, the GR4J should be preferred due to a more simple model structure (i.e. less parameters) and a smaller amount of input data required (Table 1 ). -The proposed Psum-Rsum threshold yielded better results in terms of rainfall-induced shallow landslides prediction compared to the ID threshold approach. Local and global thresholds were tested and it seems that the selected global ID threshold is not suitable for the Selška Sora River catchment since it has very low PPP. Better results were obtained using two local ID thresholds (Sava River and Slovenia).
-The proposed methodology should be additionally tested using case studies where the landslide database is verified and there are no issues related to the landslide location and triggering date (e.g. a landslide could be detected a few days after the actual event in remote areas).
